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INTRODUCTION
Obesity rates remain persistently high in the United States. 
National obesity prevalence increased by 12.6% between 1990 
and 2007 (1); and recent data reveals state by state variation, 
with the proportion of obese adults ranging from 18.6% in 
Colorado to 34.4% in Mississippi. (2) A social contagion efect 
in which obesity spreads throughout a social network has been 
proposed as one explanation for the persistence of high obesity 
rates (3–7). he theory suggests that weight gain of one member 
in a social group may afect the weight gain of other members 
of the network (8,9). One channel through which the spread of 
weight operates is social norms (10–12). Attitudes about body 
weight are formed by observing the weight of other members 
of one’s social group. Individuals whose social group is heavier 
may view a higher weight as socially acceptable resulting in the 
spread of obesity in the social network.
he mechanisms behind the “anchoring” of social norms 
related to weight are not well understood. Social norms regard-
ing acceptable weight may be formed in childhood, which sug-
gests that these norms are constant over time. his will further 
be referred to as habits formed during childhood. his would 
contribute to a convergence of BMI over time if siblings formed 
similar habits during childhood that inluenced their lifetime 
weight related behavior.
Another possibility is that social norms may be depend-
ent on the frequency of interactions with members of the 
social network (13,14) implying that norms may change 
over time. Less frequent interactions with members of a 
social group would then suggest that members may have 
less of an inluence on shaping weight norms. Weight may 
only spread through a social network where there is greater 
opportunity for face-to-face interaction of its members facili-
tating the establishment of shared social norms. We refer to 
this as a social network inluence on BMI. It is hypothesized 
that social networks may strengthen the correlation in BMI 
for adolescent siblings living in the same household who 
are likely to have more face-to-face interactions with their 
siblings helping to shape their shared weight related social 
norms. Whereas for adult siblings living in separate house-
holds they may not have as frequent face-to-face interactions 
with their siblings leading to divergent weight related social 
norms, reducing the correlation in BMI.
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We build upon previous research on correlated BMI out-
comes in siblings (3,15,16) by distinguishing time constant 
factors representing genetic heritability and habits formed 
during childhood related to weight behavior from factors 
that change over time such as the social network inluence 
on weight and environmental factors on the overall correla-
tion in sibling BMI. Longitudinal data analysis is undertaken 
using two cohorts of siblings: adults siblings (27–55 years old) 
who grew up in the same household and are currently living in 
separate households and adolescent siblings (10–18 years old) 
who are currently living in the same household.
METHODS AND PROCEDURES
Sample
he Panel Study of Income Dynamics (PSID) and the Child Develo-
pment Supplement (CDS) were employed to investigate the factors 
contributing to correlated BMI outcomes in adult and adolescent sib-
ling groups (17). he PSID is a nationally representative longitudinal 
survey of around 9,000 households which started in 1968. It has been 
used in numerous academic and policy studies (18). he quality of 
health data in the survey has been analyzed in relation to data from 
other nationally representative surveys such as the National Health 
Interview Survey and the Health and Retirement Survey. Results indi-
cate that the quality of health data in the PSID is high suggesting that 
this data should give an accurate picture of the health status of the sam-
ple population (19). he adult dataset comes from the Survey Research 
Center component of the main sample of the PSID. Sample attrition 
and composition implies that the sample is no longer representative 
of the U.S. population. his component of the PSID is used because 
it contains parental characteristics, information necessary to test for 
the impact of habits formed during childhood and genetic heritability 
on correlated BMI outcomes. here are 838 adult sibling groups with 
1,636 observations.
he adolescent sample uses data from the CDS, a supplement to the 
main PSID sample (20). he CDS began in 1997, collecting additional 
data from PSID parents and their children aged between 0 and 12 years 
old providing information on 3,563 children. hese families were recon-
tacted in 2002–2003 for the CDS II and information on 2,907 children 
and adolescents between ages 5 and 18 were collected. A third round of 
the CDS was conducted in 2007 and 1,056 children between the ages 
of 10–19 were successfully reinterviewed. he analysis uses data from 
the CDS II and CDS III rounds of data collection following a sample 
of sibling children as they move from childhood to adolescence. he 
sample is restricted to sibling groups that are present in both rounds 
of data collection and are living in the same household. Supplemental 
parental information from the 2001, 2003, and 2007 rounds of the main 
PSID survey are included in the analysis. here are 236 sibling groups 
(472 observations).
Both the adolescent and adult cohort siblings are matched in the data 
using the Family Identiication Mapping System allowing for the analysis 
of intragenerational ties (21). he sample includes only siblings who share 
at least one biological parent.
Measures
he outcome measure for both cohorts of siblings is BMI (measured 
as weight in kilograms divided by height in m2). For the adult sam-
ple, questions on height and weight that are self-reported by the survey 
respondent are used to calculate BMI. his information was collected 
on a biennial basis beginning in 1999. BMI data from the 1999, 2001, 
2003, 2005, and 2007 rounds of data collection are used in the analysis. 
For the adolescent sample the BMI variable is taken from the CDS and 
was calculated from height measured in feet and inches and weight in 
pounds measured by the interviewer. BMI measures from the CDS are 
taken from the 2002 and 2007 data collection rounds.
We divide the explanatory variables into three categories of individual 
demographic characteristics, environmental factors, and family back-
ground. It is hypothesized that these three categories will control for time 
constant factors and factors that change over time that can be captured by 
observable variables. Additional questions are asked to survey respond-
ents and primary caregivers in the CDS that are not asked to respondents 
that only appear in the main sample. Diferent explanatory variables are 
therefore used in the adult and adolescent model to control for observable 
factors impacting on the correlation in sibling BMI.
Adult models
he demographic characteristics included in the adult sibling model 
are age, a dummy variable that equals one if the respondent is female 
and is equal to zero otherwise, an indicator variable that equals one if 
the siblings are of the same gender and is equal to zero otherwise, an 
indicator variable controlling for if the respondent is married or cohab-
iting, a dummy variable that equals one if the respondent reports par-
ticipating in vigorous physical activity at least once a week and is equal 
to zero otherwise, and inally a dummy variable that equals one if the 
respondent reports drinking alcohol and is equal to zero otherwise. It 
is expected that BMI will change with age which may impact on the 
correlation in sibling BMI. If siblings are of the same gender this may 
impact on the correlation in BMI. It is likely that siblings of the same 
gender will have a greater correlation in BMI. Being married and hav-
ing a separate family may afect the amount of time that siblings spend 
together impacting on the social network inluence on correlated BMI 
outcomes. Participating in physical activity and drinking alcohol may 
have an impact on BMI and be inluenced by social network norms.
he environmental factors included in the adult model are regional 
dummies controlling for living in the Northeast, North Central, or West-
ern states compared to the base category of living in Southern states. 
Respondents in Alaska and Hawaii are excluded from the analysis. A 
dummy variable is also included in the analysis that equals one if siblings 
live in the same state and is equal to zero otherwise. A binary variable 
that equals one if the respondent lives in a county with a city that has over 
500,000 residents and is equal to zero otherwise is also included in the 
analysis. he regional dummies control for local social norms regard-
ing weight that may inluence BMI. If siblings live in the same state this 
may impact on the frequency of their face-to-face interactions which 
will afect the social network spread of BMI. hey may also be exposed 
to similar local norms regarding weight. Having a large city in the county 
of residence may impact on the availability of healthy food and physical 
activity opportunities (22). A variable related to the household environ-
ment is also included in the analysis. It is a binary variable that equals one 
if the respondent eats with their family every day. Meals ate at home are 
likely to be healthier impacting on BMI. If adult siblings have diferent 
family meal experiences this may reduce the social network inluence 
on BMI.
he family background variables included in the adult model are the 
total number of children born to the mother. he number of children 
will impact on the distribution of household resources and may inlu-
ence the formation of lifelong habits related to weight. A binary variable 
that equals one if the mother was married at the time of the birth of the 
respondent and is equal to zero otherwise is also included in the model. 
Mother’s marital status may have afected the resources available to the 
child in early life impacting on BMI. Finally a variable controlling for 
the age gap between siblings which is measured in years is included in 
the model. he social network inluence of siblings is likely to be inlu-
enced by the age gap between them.
Adolescent models
he demographic characteristics included in the adolescent models are 
age, a dummy variable for being female, an indicator variable for sib-
lings being of the same gender, a binary variable that equals one if the 
respondent eats breakfast each morning and is equal to zero otherwise, 
and a dummy variable that equals one if the respondent participates in 
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an ater school sports organization. he irst three demographic vari-
ables are the same as in the adult models and are included for similar 
reasons. Eating breakfast every day is associated with increased likeli-
hood of maintaining a healthy weight (23). Belonging to an aterschool 
sports organization suggests that the child is exercising at least once a 
week which may impact on BMI. Children who form healthy habits are 
more likely to make healthy choices as adults.
he environmental characteristics in the adolescent models are 
divided into three subcategories. he irst subcategory controls for the 
safety of the local built environment which is a proxy for opportunities 
for exercise. hese are three indicator variables: (i) caregivers being able 
to identify strangers in the neighborhood, (ii) caregivers feeling they are 
able to stop neighborhood children from stealing, and (iii) caregivers 
feeling they are able to stop individuals from selling drugs to neigh-
borhood children. If the local environment is perceived as unsafe by 
caregivers then there may be fewer opportunities for children to spend 
time outside and engage in physical activity impacting on BMI. he 
second subcategory controls for other characteristics of the built envi-
ronment. A dummy variable which equals one if the family has lived in 
the same place of residence for 5 years and is equal to zero otherwise is 
included in the model. Tenancy may afect the inluence of the exercise 
opportunities aforded by the local built environment to impact on BMI. 
Similar to the adult models, a dummy variable controlling for if the larg-
est city in the county has 500,000 or more respondents is included in 
the model. he inal subcategory controls for household characteristics. 
A dummy variable that equals one if the child eats with their family at 
least once a week and is equal to zero otherwise is included in the model. 
Family meal time will help shape children’s eating habits. In addition 
family’s eating together will impact on the social network inluence on 
correlated BMI outcomes. he model also includes an indicator variable 
which equals one if the child attends family gatherings at least once a 
month and is equal to zero otherwise. It is expected that more frequent 
family interactions will inluence the impact of the family social net-
work on BMI.
he family background characteristics included in the adolescent 
model are an indicator variable for the head of the household’s employ-
ment status and a dummy variable controlling for if the head of the house-
hold is a single parent, and two indicator variables for head of household’s 
educational attainment. hese variables are used to control for household 
resources which may impact on correlated BMI outcomes in siblings. 
Parental education may also impact on their health knowledge which 
could afect their children’s BMI outcomes. Finally, similar to the adult 
models a dummy variable for the age gap between siblings is included 
in the model.
Analysis
A statistical method commonly employed in quantitative genetics, 
restricted maximum likelihood, is used to distinguish the impact of 
time constant factors from factors that change over time on the cor-
relation in BMI for the two cohorts of siblings (24,25). In quantitative 
genetics this methodology is applied to estimate the correlation in phe-
notypic expression that arises from shared genes rather than random 
environmental efects. his is accomplished by decomposing a known 
quantitative trait within family groups. A maximum likelihood function 
is applied to maximize the probability of the variance–covariance struc-
ture containing the factors related to shared genes and gene–environ-
ment interactions on phenotypic expression. he variance–covariance 
structure between family members is used to calculate the interclass 
correlation coeicient. his shows the heritability of the quantitative 
trait in question (26,27).
We calculate the correlation coeicient on BMI outcomes in the two 
sibling samples by estimating a variance–covariance matrix containing 
time constant factors such as mother’s marital status at birth, age gap 
between siblings, and other immeasurable characteristics such as genetic 
information. he method used to calculate this component of the cor-
relation in sibling BMI is analogous to the methods used in quantitative 
genetics. However, we do not have data on genetic information to isolate 
the genetic heritability of BMI between siblings from habits formed dur-
ing childhood that are constant over time. We modify the quantitative 
genetics framework by adding an additional variance–covariance matrix 
to the decomposition of correlated sibling BMI outcomes. A separate 
variance–covariance matrix is estimated that captures factors that change 
over time such as age, eating breakfast everyday, participating in vigorous 
physical activity, and other immeasurable factors such as social inluence. 
hese two matrices are summed to calculate the overall correlation in 
sibling BMI.
RESULTS
Figure 1 investigates the trend in sibling BMI over the sample 
period by showing the diference in mean BMI between adult 
siblings over the 1999–2007 period and adolescent siblings 
over the 2002–2007 period. If mean sibling BMI is converg-
ing over this period this suggests that there are some factors 
either related to time constant factors such as genetic herit-
ability or habits formed in childhood or factors that change 
over time such as the social spread of BMI that may be inlu-
encing this convergence. In 1999, the mean diference between 
adult siblings BMI was 1.10; this decreased to 0.97 in 2007. 
he mean diference between adolescent siblings BMI was 2 
in 2002 which decreased to 1.2 in 2007. he statistical signii-
cance of the linear trend of a convergence in BMI within sibling 
groups was tested by estimating a Cochran–Armitage (28,29) 
type test for continuous data using a variance weighted least 
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Figure 1 Difference in mean sibling BMI 1999–2007.
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square regression. he null-hypothesis of no trend is rejected 
(P = 0.000).
he next step of the analysis investigates the mechanisms 
contributing to the overall correlation in sibling BMI focusing 
on two distinct components: the role of time constant factors 
and factors that change over time which includes the social 
network inluence on BMI.
Tables 1 and 2 show the descriptive statistics of the variables 
included in the models for the adult and adolescent equations. 
Sibling one is the oldest sibling in the household, sibling two 
is the younger sibling. In households with more than two sib-
lings, sibling two is the mean for each variable in the descrip-
tive statistics of all younger siblings. he mean age of the older 
adult sibling is ~46 years old and the mean age of younger 
sibling(s) is 41 years old. Most of the adult sample is married or 
cohabiting and was born to a mother that was married at time 
of birth. he mean age of sibling one in the adolescent sample 
is 12 years old and the mean age of the younger sibling(s) is 
10 years old. he majority of the adolescent sample eats break-
fast everyday, eats with their family once a week, and is in a 
family where the head of household is currently employed.
Table 3 shows the results from the quantitative analysis 
investigating the mechanisms explaining the overall cor-
relation in sibling BMI for the two cohorts of siblings. If the 
household facilitates the social network spread of obesity by 
operating through factors that change over time the magni-
tude of the coeicient on the correlation in sibling BMI will be 
diferent for the two cohorts of siblings. If changes to the envi-
ronment, such as types of food available or parental behaviors 
and characteristics related to weight as a response to environ-
mental incentives, impacts on the inluence of time constant 
factors on BMI then the correlation in BMI may difer for the 
adult and adolescent sample who may have been exposed to 
diferent environmental factors that inluence BMI (30,31). 
his implies that habits formed during childhood BMI may 
have cohort efects.
Model A in Table 1 is a constants only model that includes 
all observable and unobservable factors inluencing the cor-
relation in sibling BMI. he total adult sibling correlation coef-
icient is 0.53; 38% (95% conidence interval (CI), 0.26–0.51) 
of this stems from time constant factors and 15% (P > 0.05) 
comes from factors that change over time. For Model A, the 
total adolescent sibling BMI correlation coeicient is 0.87. 
Table 1 Adult sibling characteristics: Panel study of income 
dynamics 1999–2007
Sibling one Sibling two
BMI 28.23 (6.63)  26.72 (6.63)
Individual characteristics
 Age 46.51 (6.20)  41.72 (6.17)
 Female 0.54   0.67
 Same sex siblings 0.52   0.52
 Married/cohabiting 0.71   0.73
 Vigorous physical activity 0.57   0.59
 Drink alcohol 0.56   0.53
Environmental factors
 Northeast 0.17   0.17
 Northcentral 0.25   0.28
 West 0.11   0.11
 Same region sibling 0.43   0.43
 Largest city 500,000> 0.13   0.13
 Eat family everyday 0.23   0.26
Family background
 Total kids motherb 5.27 (2.63)   5.27 (2.63)
 Mother married 0.86   0.93
 Age gap 4.79 (3.24)   4.79 (3.24)
 N   883 883
aBMI is a continuous variable measured as weight in kilograms divided by height 
in m2. Age is measured in years. Total kids mother is the mean number of children 
born to mother. Age gap is mean age gap between siblings measured in years. 
s.e. are in parenthesis. All other variables are measured in percentages. Sibling 
one is always the oldest sibling in the group and sibling two is younger. In families 
with more than two siblings the sibling two variables are mean of all younger sib-
lings. N is number of siblings. The descriptive statistics are across the five rounds 
of the PSID used in the analysis (1999, 2001, 2003, 2005, and 2007). bThe mean 
is for families with at least two siblings. 
Table 2 Adolescent characteristics: child development 
supplement 2002 and 2007
Sibling one Sibling two
BMI 22.19 (5.88)  20.51 (5.59)
Individual characteristics
 Age 12.52 (2.68)  10.08 (2.64)
 Female 0.47   0.49
 Same sex siblings 0.48   0.48
 Eat breakfast 0.88   0.90
 After school sport organization 0.39   0.42
Environmental factors
 Eat family 1× week 0.89   0.89
 Largest city 500,000> 0.23   0.23
 5 years >tenancy 0.35   0.35
 Family gatherings 0.76   0.76
 Notice strangers 0.38   0.38
 Stop selling drugs 0.58   0.58
 Stop stealing 0.66   0.66
Family background
 Head employed 0.78   0.78
 Head single parent 0.37   0.37
 Head high school 0.23   0.23
 Head some college 0.49   0.49
 Age gap 2.44 (1.32)   2.44 (1.32)
 N 236 236
aSee notes on Table 1. bThe sample size for after school sports organization is 
231 for sibling one and 199 for sibling two as this question is only asked of chil-
dren over the age of ten. The descriptive statistics are across CDS II (2002–2003) 
and CDS III (2007) rounds of data collection.
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Time constant factors contribute 43% (95% CI: 0.23–0.63) 
and factors that change over time contribute 44% (95% CI, 
0.38–0.50).
Model B adds a vector of observable demographic char-
acteristics to the analysis. hese observable demographic 
characteristics are therefore removed from the estimated 
covariance–variance matrices used to calculate the overall 
correlation in sibling BMI. Ater controlling for observable 
demographic characteristics, the total adult correlation in BMI 
is reduced to 0.44 with time constant factors still accounting 
for 38% (95% CI, 0.26–0.51) of this correlation and factors 
that change over time now contributing only 6% (P > 0.05). In 
Model B for the adolescent sample, the overall BMI correlation 
coeicient is more or less the same as in Model A at 0.86.
Model C adds environmental factors to the analysis. he 
regression equation estimated includes variables controlling 
for individual characteristics and environmental factors. For 
both adult and adolescent siblings the correlation coeicients 
and relative shares of time constant factors and factors that 
change over time are the same as in model B.
Model D adds family background characteristics to the 
regression equation. he model estimated includes observable 
demographic characteristics, environmental factors, and fam-
ily background characteristics which are removed from the 
covariance–variance matrices used to estimate the correlation 
coeicients. he overall adult sibling BMI correlation coei-
cient is slightly reduced to 0.38 with time constant factors con-
tributing 33% (95 CI, 0.19–0.46) and factors that change over 
time contributing 5% (P > 0.10). he adolescent correlation 
coeicient and relative shares of time constant factors and fac-
tors that change over time are once again unchanged.
he estimation strategy investigates the impact of observed 
and unobserved time constant factors and factors that change 
over time on the correlation in sibling BMI. he observed 
demographic, environmental, and family background charac-
teristics in models B, C, and D do not contribute to the expla-
nation of factors contributing to the correlation in sibling BMI 
for the adolescent cohort. Similarly, environmental factors do 
not contribute to explaining the correlation in BMI in the adult 
models. To test the validity of these variables in explaining indi-
vidual BMI, simple OLS regressions were run on the adult and 
an adolescent sample. For both adults and adolescent having a 
city with more than 500,000 residents signiicantly impacted 
on individual BMI. For the adolescent sample all of the fam-
ily background characteristics and belonging to an aterschool 
sports organization signiicantly impacted on individual BMI. 
his implies, that especially for the adolescent models, these 
variables may not explain correlated BMI outcomes between 
siblings but are still reasonable at explaining individual BMI. 
he main results of this research are found in what is not 
observed. Time constant factors signiicantly explain the corre-
lation in BMI for both cohorts of siblings whereas unobserved 
and immeasurable factors that change over time only signii-
cantly explain the correlation in BMI for adolescent siblings.
DISCUSSION
Time constant factors which includes genes, gene–environ-
ment interactions, and parental behaviors and characteristics 
signiicantly explains some of the correlation in BMI for both 
cohorts of siblings. hese results conform to indings from the 
behavioral genetics literature highlighting the importance of 
genetic factors in explaining weight outcomes (32–34). he 
results suggest that family background characteristics play an 
important role in explaining adult outcomes supporting our 
hypothesis regarding the formation of habits formed during 
childhood impacting on weight outcomes in adulthood.
We hypothesize that factors that change over time may 
be capturing some of the social network inluence on BMI 
Table 3 Decomposition of correlations in sibling BMI
Model A Model B Model C Model D
Family Social Family Social Family Social Family Social
Individual characteristics No No Yes Yes Yes Yes Yes Yes
Environmental factors No No No No Yes Yes Yes Yes
Family background No No No No No No Yes Yes
Overall adult correlation 0.53 0.44 0.42 0.38
Adult correlation 0.38 0.15 0.38 0.06 0.37 0.05 0.33 0.05
(0.06) (0.09) (0.06) (0.10) (0.06) (0.10) (0.07) (0.10)
Adult observation 1636 1636 1630 1630 1619 1619 1161 1161
Overall adolescent correlation 0.87 0.86 0.86 0.87
Adolescent correlation 0.43 0.44 0.43 0.43 0.43 0.43 0.43 0.44
(0.10) (0.03) (0.08) (0.21) (0.09) (0.21) (0.09) (0.22)
Adolescent observations 472 472 472 472 430 430 430 430
Boldface values indicate significance at the 5% level.
aStandard errors are in parenthesis. n is number of observations. bFamily is (R1) or the correlation from time constant factors (habits formed in childhood and genetic 
heritability). cSocial is (R2) or the correlation from factors that change over time (environment and social network influence). dModel A is a constants only model. eModel B 
includes only individual characteristics. fModel C includes covariates related to household, local, and regional environment and individual characteristics. gModel D adds 
family background variables to an equation estimated with environmental factors, and individual characteristics.
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which are not captured by any of the observable variables. 
Geographical distance may play a role in the social network 
inluence on BMI operating through the frequency of face-to-
face interactions of members of a social network. Other studies 
that have investigated BMI outcomes in adult siblings using 
secondary data have used datasets that focus on respondents 
living in a particular city (3). Adult siblings living in the same 
city may have more face-to-face interactions inluencing per-
ceptions about an acceptable weight and weight outcomes. By 
using a national study, we highlight the limits of using social 
networks to explain the spread of health related outcomes. his 
suggests that prior studies may have overestimated the social 
network inluence on BMI. If the social network inluence 
of BMI is partially determined by shiting attitude regarding 
weight perception and weight related behavior (3,35), then it 
is likely that siblings who are separated by large geographical 
distances and have infrequent face-to-face interactions will not 
be able to inluence each other’s weight in this manner.
Finally, previous research (3–7) has not separated time con-
stant factors from factors that change over time inluencing the 
overall correlation in BMI. his may have led to a misspeciica-
tion of the mechanisms leading to a perceived spread in BMI.
Implications
Our study has important implications for obesity policy. 
Evidence from the adult models suggests that family back-
ground signiicantly impacts on the correlation in sibling 
BMI. his demonstrates the importance of early childhood 
interventions and prevention programs to promote a healthier 
population.
Using social networks to spread healthy behaviors has been 
suggested as a cost-efective public health policy tool (2,35). 
Our indings indicate that if social network inluence is cap-
tured in the variance covariance matrix controlling for factors 
that change over time, the household may facilitate the spread of 
health related behaviors. he results have shown an important 
limitation of the social network approach inding no evidence 
of signiicant impact of factors that change over time on the cor-
relation in sibling BMI for adults living in separate households. 
Using social networks to spread healthy behaviors may only be 
a feasible intervention tool for participants that can engage in 
face-to-face interactions with social network members helping 
to anchor social norms that change over time.
Limitations
here are some important limitations to this study. Observational 
data have well known limitations. Sample attrition for the adult 
sample means our results are not nationally representative of 
adult siblings. he small sample sizes are also a potential limi-
tation. Larger sample sizes may lead to more robust indings 
especially for the adolescent sample. Diferent explanatory 
variables are used in the adult and adolescent equations which 
may impact on the correlation coeicients. Because of the dif-
ferent variables available in the dataset there is no method to 
adequately control for cohort afects that may impact on our 
indings. We are unable to determine the number of interactions 
between siblings. We assume that interactions are captured in 
the unobserved component of the variance-covariance matrix 
of factors that change over time. he data also does not allow the 
separation of genetics from habits that are formed during child-
hood giving an upper bound on the inluence of habits formed 
during childhood on the correlation in sibling BMI.
he lack of a contribution of environmental factors to the 
correlation in BMI for both cohorts of siblings is a potential 
limitation of this work. It is possible that a wider range of envi-
ronmental controls such as number of parks or fast food outlet 
concentration would be needed. However, this is beyond the 
scope of this study. What we can say is that demographic char-
acteristics and family background do signiicantly contribute 
to the correlation in BMI for adult siblings. Unobserved and 
immeasurable factors that change over time only signiicantly 
explain the correlation in adolescent sibling BMI. From these 
indings we can extrapolate that the household facilitates the 
impact of factors that change over time on correlations in sib-
ling BMI. he inluence of factors that change over time on 
correlated BMI outcomes is not present in adult siblings living 
in separate households.
Another important limitation is that there are only two obser-
vations for the adolescent sibling pairs. A lack of variation in 
the sibling data suggests that our estimates will be the upper 
bound of the correlation in adolescent sibling BMI. here may 
be measurement bias in the adult BMI measures since these are 
self-reported. here is evidence (36) to suggest that self-reported 
measures of BMI are relatively reliable for population based 
observational studies. In addition, continuous measures of BMI 
are more reliable than cut-ofs for overweight and  obesity if there 
is misreporting near the boundaries of the weight categories.
his article found that time constant factors explain some 
of the overall correlation in BMI for both cohorts of siblings. 
Shared family background and demographic characteristics 
explain some of this time constant correlation in adult sibling 
BMI. Factors that change over time only signiicantly explain 
some of the correlation in BMI for adolescent siblings living 
in the same household. hese results highlight the importance 
of distinguishing between diferent mechanisms that are asso-
ciated with the correlation in sibling BMI when developing 
efective health policy.
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